BACKGROUND/OBJECTIVES: Data are limited on cardiovascular disease (CVD) risk prediction models that include dietary predictors. Using known risk factors and dietary information, we constructed and evaluated CVD risk prediction models. SUBJECTS/METHODS: Data for modeling were from population-based prospective cohort studies comprised of 9026 men and women aged 40-69 years. At baseline, all were free of known CVD and cancer, and were followed up for CVD incidence during an 8-year period. We used Cox proportional hazard regression analysis to construct a traditional risk factor model, an office-based model, and two diet-containing models and evaluated these models by calculating Akaike information criterion (AIC), C-statistics, integrated discrimination improvement (IDI), net reclassification improvement (NRI) and calibration statistic. RESULTS: We constructed diet-containing models with significant dietary predictors such as poultry, legumes, carbonated soft drinks or green tea consumption. Adding dietary predictors to the traditional model yielded a decrease in AIC (delta AIC ¼ 15), a 53% increase in relative IDI (P-value for IDI o0.001) and an increase in NRI (category-free NRI ¼ 0.14, P o0.001). The simplified diet-containing model also showed a decrease in AIC (delta AIC ¼ 14), a 38% increase in relative IDI (P-value for IDI o0.001) and an increase in NRI (category-free NRI ¼ 0.08, Po0.01) compared with the office-based model. The calibration plots for risk prediction demonstrated that the inclusion of dietary predictors contributes to better agreement in persons at high risk for CVD. C-statistics for the four models were acceptable and comparable. CONCLUSIONS: We suggest that dietary information may be useful in constructing CVD risk prediction models.
INTRODUCTION
A number of risk prediction algorithms for cardiovascular disease (CVD) have been developed in different ethnicities. [1] [2] [3] [4] [5] Most of studies constructed prediction models using traditional risk factors including age, sex, blood pressure, diagnosis of hypertension or diabetes mellitus, smoking and blood concentrations of total cholesterol and high-density lipoprotein (HDL) cholesterol, [1] [2] [3] [4] [5] and some tried to include additional predictors to improve an accuracy of prediction. 4, 6 Blood biomarkers, such as total cholesterol, HDL cholesterol, triglycerides, C-reactive protein or other novel markers, are considered CVD predictors and have been utilized for the development of risk prediction algorithms. [1] [2] [3] [4] [5] [6] However, assay results of such biomarkers may not be available at the time of a patient's first visit to the clinic and the feasibility of some assays may be limited partly due to an additional costly burden in primary care settings and in population-based screening programs. In recent studies, 7, 8 thus, simplified risk prediction algorithms that include only non-laboratory predictors of CVD have been suggested to assist office-based prevention practices.
D'Agostino et al. 7 demonstrated CVD risk appraisal functions for men and women using non-laboratory traditional predictors and body mass index (BMI). The models of non-laboratory data showed a reasonable discriminatory ability, although a C-statistic value for the estimated functions was a little bit lower than that for the traditional risk prediction model, which includes total cholesterol, HDL cholesterol and other traditional risk factors. 7, 9 Cui et al. 8 also constructed a risk prediction algorithm, particularly to prevent the recurrence of CVD, using BMI and non-laboratory medical information on previous CVD events.
Diet has an essential role in the prevention and management of CVD. Considerable epidemiological data have supported that dietary factors are predictors of CVD itself and of its biomarkers. 10 Nevertheless, there are too few studies that took into account dietary information for risk prediction models. Panagiotakos et al. 11 reported that adding self-reported dietary data to the CVD prediction model, which contains age, sex, smoking status, systolic blood pressure and total cholesterol, has improved model fit. To the best of our knowledge, subsequent studies to compare CVD prediction models with or without dietary predictors were not reported. In addition, it has not yet been evaluated whether the inclusion of dietary data in a non-laboratory-based model, which can be easily utilized in primary care offices, improves the risk prediction of CVD. In present study, thus, we aimed to evaluate whether dietary predictors improve the predictive ability of CVD risk models, such as a traditional risk prediction model including laboratory variables and a non-laboratory-based model.
SUBJECTS AND METHODS

Study population
As a part of the Korean Genome Epidemiology Study, a population-based prospective cohort study involving male and female Koreans aged 40-69 years has been conducted since 2001. Detailed information on the study design and procedures of the study is available in previous reports. 12, 13 Briefly, cohort members were recruited from the inhabitants of two communities, Ansan and Ansung, on the basis of a two-stage cluster sampling using geographic and demographic information. Eligible cohort members were identified and requested to visit either the Korea University Ansan Hospital or the Ajou University Medical Center for initial health assessment and questionnaire-based interview. Thus, 4752 men and 5261 women completed the baseline examination during the period of 18 June 2001 to 29 January 2003. The questionnaire captured data on sociodemographics, medical history and health conditions, family disease history, lifestyle, including smoking and alcohol drinking, and dietary intake. The study procedures were administered by health professionals who are periodically trained with standardized protocols and have been biennially repeated for follow-up examinations and interviews. In every visit, all participants sign an informed consent form, which was approved by the Human Subjects Review Committee either at the Korea University Ansan Hospital or at the Ajou University Medical Center.
Because the outcome of this study was incident cases of CVD, 285 participants who at baseline reported a physician-diagnosis of CVD were excluded. In addition, participants who reported a diagnosis of cancer (n ¼ 211) or who did not complete the baseline health examination (n ¼ 17) or who did not report information on potential predictors (n ¼ 442) or who provided extremely low or high estimates of calorie intake (persons reporting46 s.d. from the mean of calorie were considered outliers) at baseline (n ¼ 31) were excluded. After making these exclusions, a total of 9026 participants (52% men and 48% women) entered the analysis.
Measurement of potential predictors
Data on age, sex, medical history on disease, family history of CVD, smoking status, alcohol drinking status and average amount consumed, physical activity and dietary information were collected from the baseline questionnaire. In particular, information on the estimated amount of alcohol consumption, total metabolic equivalent score (MET-hours) for physical activity and collection of dietary data is available elsewhere. 12, 14 We utilized a semiquantitative food frequency questionnaire that inquires the average intake frequency of 103 food items consumed during the previous 1 year. 14 Trained interviewers showed food pictures to help participants select one among three serving sizes (smaller, equal or larger as compared with a standard serving size). An average frequency of each food item was calculated by multiplying the consumption frequency by 0.5 for smaller amounts, 1 for equal amounts or 1.5 for larger amounts versus the standard serving size. For this study, we calculated average daily consumption of serving size for 20 food groups and beverages, such as white rice, mixed grain rice, noodles, bread and bakeries, potatoes, red meat and processed meat, fish and seafood, poultry, eggs, legumes, nuts, fruits and vegetables, milk and dairy products, cereals, snacks and cookies, sweets, carbonated soft drinks, coffee, green tea and alcoholic beverages.
Methodological information on anthropometric measures including BMI, blood pressure, and biochemical assays of total cholesterol, HDL cholesterol and glucose levels (fasting and post-load levels were measured to make a diagnosis of diabetes mellitus) has been described in an earlier study. 12 
Outcomes
The outcome for this study was cardiovascular incidence or cardiovascular death, defined as events of myocardial infarction, coronary heart disease, cerebrovascular disease, peripheral artery disease and heart failure. Incident events were self-reported by interview-based questionnaires and deaths were ascertained with its cause and date on the basis of vital registration data, which are periodically compiled by the Korea National Statistical Office. The concordance between self-reported diagnoses of disease and those ascertained by physician reviews on medical records was 93% among 30 cases.
Statistical analysis
Descriptive statistics on the baseline characteristics of study participants were calculated. To explore the association of CVD risk with dietary factors (20 food groups and beverages) and other potential predictors, we conducted Cox proportional hazards regression analysis. The person-years of each person were calculated from the date when he or she participated in the baseline examination to the date when he or she reported the first CVD events in follow-up examinations or to death date or to 31 December 2010, whichever came first. Persons who died, or refused further participation, or were lost to follow-up at a follow-up visit were censored. The length of follow-up period used for analysis was 9.5 years and the median follow-up period was 8 years. Multivariate CVD risk was expressed as a hazard ratio (HR) with its 95% confidence interval (CI). We estimated HRs for the actual follow-up period rather than for 5 years or 10 years, because our study aimed to compare model performance, predictive ability and calibration of risk prediction in different models. In multivariate models, continuous variables such as age, systolic blood pressure, total cholesterol, HDL cholesterol, and BMI were transformed to natural log values and then each of the transformed values were divided by its one s.d. Although substantial deviation from normality (or outliers) was not observed in initial values of the variables, such transformation reduced skewness and enabled us to compare HRs from a previous study 15 with our results. Consumption of food groups and beverages was classified into quartiles. Sex, antihypertensive treatment, smoking status and diagnosis of diabetes mellitus were coded as a binary variable.
Four multivariate Cox models were constructed in this study. The first model was a traditional model containing age, sex, systolic blood pressure, diagnosis of hypertension or diabetes mellitus, smoking status, and blood concentrations of total cholesterol and HDL cholesterol. These variables were known as traditional risk predictors. Second, an office-based model was constructed only with non-laboratory traditional risk factors and BMI as reported in an earlier study. 7 Third, a diet-containing full model was generated with the traditional risk predictors and dietary predictors. Dietary predictors were selected using stepwise multivariate regression analysis, which was performed with all traditional risk predictors and other potential risk factors, such as BMI, family history of CVD, alcohol drinking (abstainers, current alcohol consumption; o15.1, 15.1-30, 430 g/day), use of vitamin and mineral supplements, physical activity (quartiles of METhours/day), calorie intake (log-transformed) and consumption of 20 food groups and beverages. In the stepwise method, SLENTRY and SLSTAY close to 1 (SLENTRY ¼ 0.99 and SLSTAY ¼ 0.995) was used to select a best-fit model. Finally, a diet-containing simplified model was established after excluding laboratory variables and insignificant predictors from the dietcontaining full model.
The four models were evaluated in terms of model performance, discrimination and predictive ability, and general calibration. Akaike's information criterion (AIC) was compared and an AIC difference between two models of 10 or greater was considered to be significant, as suggested by a previous study. 16 The model with a lower AIC value is regarded as a better fit. A concordance C-statistic, integrated discrimination improvement (IDI) and net reclassification improvement (NRI) were calculated. 17 To assess general calibration of the models, the HosmerLemeshow goodness-of-fit test, which evaluates the agreement between observed and predicted probabilities of CVD events, was performed 18 and P-values of 0.01 or greater from the test were decided to indicate good calibration as suggested by an earlier study.
1 Proportional hazards assumptions were tested for a full model that includes all potential confounding factors and no violation was confirmed. All testing was based on a two-sided level of significance. The SAS program (SAS 9.1.3, 2008, SAS Institute, Cary, NC, USA) was used to conduct statistical analyses.
RESULTS
Over median follow-up of 8 years, 352 cases (185 men and 167 women) of CVD (209 myocardial infarction or coronary heart disease cases, 130 cerebrovascular disease cases, 7 peripheral artery disease cases and 6 heart failure cases) were newly identified. Table 1 shows age-standardized mean values for demographic and clinical characteristics, lifestyle and dietary intake. Compare with individuals who were free of CVD, those with CVD were more likely to be older, men, smokers, alcohol drinkers and diagnosed with hypertension or diabetes mellitus and to have higher total cholesterol and lower HDL cholesterol levels. In terms of dietary intake, CVD cases were prone to consuming white rice, carbonated soft drinks and coffee, but were less likely to consume legumes, fish and seafood, fruits and vegetables, and green tea.
In a multivariate model including potential confounding factors, intake of legumes, green tea and carbonated soft drinks was significantly associated with CVD risk. Individuals who were classified into the highest quartile of legume consumption (median ¼ 1.8 servings/day) showed a 27% (1-46%) reduction in CVD risk, when comparing with those in the bottom quartile (median ¼ 0.2 servings/day, which is interpreted as 1-2 servings/ week). Similar reductions were observed among those in two top quartiles of green tea consumption. Multivariate HRs (95% CI) for CVD risk were 0.71 (0.50-0.99) for the third quartile (median ¼ 1-2 servings/week) and 0.72 (0.53-0.98) for the highest quartile (median ¼ one serving/day) compared with the bottom quartile. However, drinking weekly carbonated soft drinks of 1-2 servings significantly elevated CVD risk compared with no consumption. A 35% (4-76%) higher risk was associated with drinking carbonated soft drinks (data available from authors on request). Table 2 presents four models, a traditional model, an officebased model, a diet-containing full model and a diet-containing simplified model. In the traditional model, age, systolic blood pressure, antihypertensive treatment, total cholesterol, smoking and diagnosed diabetes mellitus were significantly associated with CVD risk. Instead of using laboratory data, BMI entered the office-based model, but it was not significantly associated with CVD risk. In the diet-containing full model, which was established by stepwise selection with all potential confounding factors, the traditional risk factors and consumption of poultry, legumes, carbonated soft drinks, and green tea were included. The dietcontaining simplified model took significant non-laboratory variables from the diet-containing full model. Thus, age, systolic blood pressure, antihypertensive treatment, smoking, the diagnosis of diabetes mellitus, and intake of legumes, carbonated soft drinks and green tea were retained in the model. Table 3 presents results of model evaluation and comparison. Model performance for the four models was evaluated on the basis of AIC values. The diet-containing full model (AIC ¼ 5784) and the diet-containing simplified model (AIC ¼ 5791) were indistinguishable, but both were different from the office-based model (AIC ¼ 5805; delta AIC ¼ 20.7 compared with the dietcontaining full model; delta AIC ¼ 14.3 compared with the dietcontaining simplified model). The diet-containing full model was also distinguishable from the traditional model (AIC ¼ 5799; delta AIC ¼ 15.1 compared with the diet-containing full model). These suggest that the diet-containing models are better fits than other models. In terms of model discrimination, C-statistics for the four models appeared to be comparative and acceptable. IDI and NRI indices for the two diet-containing models were significantly increased compared with the traditional model and the officebased model. In particular, the diet-containing full model showed a 53% increase and a 57% increase in relative IDI (P-value for IDI o0.001) compared with the traditional model and the officebased model, respectively. Although the diet-containing simplified model showed a 12% decrease in relative IDI (P-value for IDI o0.001) compared with the diet-containing full model, it also showed a 34% increase and a 38% increase (P-value for IDI o0.01) compared with the traditional model and the office-based model, respectively (Table 3 ). In Table 3 , results of the Hosmer-Lemeshow goodness-of-fit test for the four models indicate a good agreement between observed and predicted probabilities of CVD events across deciles (P-value for w 2 40.05). In addition, we conducted an internal validation using 100 bootstrap simulations for the traditional model and the diet-containing full model. The diet-containing full model showed a 49% increase in relative IDI (P-value for IDI o0.001) and an improvement in NRI (NRI ¼ 0.139, Po0.001) compared with the traditional model (data available from authors on request).
In Figure 1 , calibration plots show a deciles-based agreement of observed versus predicted probabilities of CVD events. Although overall calibration was satisfactory as presented in Table 3 , the predicted probability estimated with the traditional model or the office-based model tended to be underestimated in the 8th decile group, which included individuals at high risk for CVD (plots a and b in Figure 1 ). The predicted probability estimated with the diet-containing models tended to be overestimated in the 1st decile group (plots c and d in Figure 1 ).
DISCUSSION
In present study, we attempted to construct diet-containing CVD prediction models using dietary information from food frequency questionnaire and potential risk factors, such as age, sex, blood pressure, total cholesterol and HDL cholesterol concentrations, diagnosis of hypertension or diabetes mellitus and smoking status. 
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We observed that the inclusion of dietary predictors, such as consumption of poultry, legumes, carbonated soft drinks or green tea, to the traditional model as well as to the office-based model has improved model performance and prediction ability. Potential advantages of the use of CVD risk prediction model include improving disease awareness, identifying high-risk individuals and potential targets for the reduction of disease risk, establishing strategies for the prevention of CVD, and motivating patients to comply with healthy lifestyle or treatment. 19 Because the incidence of CVD is on the increase worldwide, various types of prediction models for coronary heart disease, stroke or global CVD have been proposed for different ethnicities. [1] [2] [3] [4] [5] The most widely recognized prediction models are based on data from the Framingham Heart Study. Framingham risk score system was constructed using age, sex and clinical information, which are known as traditional risk factors. 1 However, it was pointed out that even this oldest system has not been actively used in primary care settings partly because laboratory data are not always available in physician offices. 7 Using non-laboratory risk factors, thus, investigators of the Framingham Heart Study have suggested a simplified office-based CVD prediction model, which showed similar ability of risk discrimination compared with the traditional risk factor model. 7, 15 Instead of total cholesterol and HDL cholesterol, the simplified model took into account BMI, which appears to reflect the lipid profiles. Along the same lines, dietary factors account to some extent for variations in blood cholesterol levels and are expected to be a proxy of total cholesterol, lowdensity lipoprotein (LDL) or HDL cholesterol. Panagiotakos et al.
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first reported that dietary data, along with age, sex, smoking, blood pressure and total cholesterol, improve the estimation of CVD risk. They collected dietary information using the Mediterranean diet score, which is reportedly associated with total cholesterol and HDL cholesterol. 20 In our study, dietary data on single food items or food groups, rather than those on overall dietary habits, were utilized to construct prediction models. In associations with CVD risk, consumption of legumes, green tea and carbonated soft drinks was found to be significant. Because soy and green tea intake was reported to reduce LDL cholesterol, 21 these dietary factors could have been proxy variables of laboratory predictors. Besides the study of Panagiotakos et al., thus, we here provide additional data on improved predictive ability by adding dietary information to the The strengths of our investigation include a prospective observation in population-based cohorts, the collection of broad information on potential CVD risk factors from questionnairebased interviews and health examinations, and standardized study procedures conducted by trained personnel. In addition, our study yielded findings worthy of being potentially applicable in primary care offices, especially in the circumstance under which laboratory data are not available. Some limitations should be taken into account when interpreting our results. First, because we were unable to confirm medical diagnosis of all CVD cases, there might be non-differential misclassification of outcome, which might result in the modest values of C-statistic. Measurement errors in dietary data might have been unavoidable, although trained personnel performed interviews using a validated food frequency questionnaire and photos of portion sizes. The food frequency questionnaire that we used contains limited foods and does not inquire consumption of cooking oil and seasonings. Thus, further studies may need to consider more food items for CVD risk prediction models even if the use of a longer questionnaire may raise a concern on time and labor constraints in clinical settings as well as in mass screening settings. Additionally, because we were unable to apply our findings to other cohorts for external validation, generalization of the risk prediction functions that we obtained is limited. More efforts are warranted to minimize misclassifications in outcome and predictors, to construct risk prediction models using dietary predictors for coronary heart disease or stoke and to apply our risk prediction functions to other data. On the basis of our findings, we suggest that a CVD risk prediction model including dietary predictors may be applicable to be used in office-based clinical settings where biochemical information is limited. Figure 1 . Eight-year predictions for cardiovascular disease. x Axes indicate the deciles of predicted risk of cardiovascular disease and y axes indicate the probability of cardiovascular disease events. *P-values from w 2 statistics calculated to compare the differences between predicted and actual probabilities are between 0.05 and 0.01. For other comparisons, P-values exceeded 0.05. P40.01 is considered to be good calibration.
